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Abstract

The microbial spoilage of meat products poses a significant challenge to food safety and shelf-life,
primarily due to the proliferation of spoilage-related bacteria under varying environmental con-
ditions. Among beneficial microorganisms, Lactococcus lactis species are notable for their ability
to produce nisin, a natural antimicrobial that enhances the microbial stability of meat. This
study presents an interpretable machine learning framework to predict the relative abundance
of Lactococcus in meat using 16S rRNA sequencing data, enhanced by synthetic data genera-
tion and explainable AI. A dataset comprising microbial profiles from rump steak samples across
seasonal and temporal variables was expanded using a Generative Adversarial Network (GAN),
addressing data scarcity. Multiple regression models, including Artificial Neural Networks, Ran-
dom Forest, Gradient Boosting, and k-Nearest Neighbors, were trained and evaluated. The ANN
model achieved the highest performance (R2

= 0.89) when trained on synthetic data and
tested on real samples. Explainable AI analysis revealed Lactobacillus, Carnobacterium, and sea-
sonal variables as the most influential predictors. Notably, seasonal shifts significantly impacted
Lactococcus abundance, with higher levels observed in autumn. This study demonstrates the
effectiveness of GAN-augmented data and interpretable machine learning in modeling micro-
bial behavior, providing a scalable, cost-efficient tool for predictive microbiology. The approach
not only enhances our understanding of microbial co-occurrence patterns but also supports the
development of intelligent, data-driven strategies for natural food preservation.

Keywords: Machine learning, Generative AI, Explainable AI, Metagenomic data, Lactococcus

1 Introduction1

Meat products are highly perishable food items, and their quality deterioration during storage is2

primarily attributed to microbial proliferation and metabolic activity (Nath et al. 2023; Kim et al.3

2024; Zhang et al. 2024). The microbial composition of meat products significantly influences their4

quality, shelf life, and safety (Toomik et al. 2023; Qu et al. 2024). Among the spoilage-causing5

microorganisms, Pseudomonas spp (Li et al. 2014; Spanu et al. 2018)., Brochothrix thermosphacta6

(Mohsina et al. 2020), Carnobacterium spp. (Wang et al. 2023), and certain lactic acid bacteria (LAB)7

are predominant contributors to the deterioration of meat products. However, some LAB strains8

exhibit antagonistic activity against spoilage and pathogenic bacteria by producing organic acids,9
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hydrogen peroxide, and bacteriocins, thereby enhancing the microbial stability and safety of meat10

products (Marcelli et al. 2024). Among these beneficial microbes, Lactococcus species are particularly11

noteworthy for their ability to synthesize nisin, a well-characterized bacteriocin with strong inhibitory12

effects against Gram-positive spoilage and pathogenic bacteria (Zhao et al. 2016; Chaves López et al.13

2017; Bi et al. 2020; Kuda et al. 2024). The production of nisin by Lactococcus not only extends14

the shelf life of meat products but also contributes to their microbiological safety, positioning it as a15

promising agent in natural food preservation strategies (Phuapaiboon et al. 2013; Casco et al. 2022).16

The identification and characterization of microbial communities in meat products have been17

greatly advanced by high-throughput sequencing technologies. In particular, 16S rRNA gene metabar-18

coding has enabled detailed taxonomic profiling of complex microbial ecosystems (Watanabe et al.19

2023; Piredda et al. 2022; Merchán et al. 2024). While these technologies offer a wealth of compo-20

sitional data, interpreting the functional and contextual implications of microbial shifts remains a21

major challenge. Raw sequencing data alone cannot reveal causality or predict microbial dynamics22

under varying production or environmental conditions.23

To overcome this limitation, recent research has increasingly focused on predictive microbiology24

(Koyama et al. 2022; Yildirim-Yalcin et al. 2025; Tarlak 2024; Oliveira et al. 2024; Al et al. 2024),25

which models microbial behavior as a function of intrinsic (e.g., pH, water activity) and extrinsic (e.g.,26

temperature, storage time) factors. In this context, machine learning (ML) and artificial intelligence27

techniques have gained prominence for their capacity to capture complex microbial dynamics under28

diverse environmental conditions. These approaches offer significantly improved predictive accuracy29

compared to traditional parametric models, particularly in forecasting microbial growth, inactivation,30

and interspecies competition (Yücel and Tarlak 2023; Koyama et al. 2022; Tarlak 2024). However, the31

complexity of ML models often limits transparency, which can be a concern in sensitive domains like32

food safety. To that end, explainable artificial intelligence methods—particularly SHapley Additive33

exPlanations (SHAP)—have been developed to enhance model transparency and facilitate meaningful34

interpretation of complex outputs (Lundberg and Lee 2017).35

Despite the promise of these approaches, a recurring challenge in applying ML to microbiome36

datasets is the issue of limited sample size (Papoutsoglou et al. 2023). Sequencing experiments37

are often constrained by financial, logistical, or time-related limitations, leading to relatively small38

datasets that are insufficient for training complex models (Ince et al. 2025). Small sample sizes39

increase the risk of overfitting, reduce model generalizability, and limit the statistical power of down-40

stream analyses (Topçuoğlu et al. 2020). To deal with this constraint, recent studies have explored41

the use of generative models, such as Generative Adversarial Networks (GANs), to augment datasets42

with synthetic data (Arora and Arora 2022; Lu et al. 2022; Mert 2023).43

While machine learning has become increasingly common in food microbiology, its application44

to modeling beneficial microbes in meat systems—particularly nisin-producing Lactococcus lac-45

tis—remains underexplored. Despite growing interest in ML-based predictive models, no studies to46

date have directly investigated the behavior or dynamics of L. lactis. Furthermore, due to the high47

cost and labor-intensive nature of microbial sampling and testing, the potential of synthetic data48

generation techniques, such as GAN-based augmentation, has been largely overlooked in this con-49

text. Equally important, the lack of explainable AI (XAI) applications represents a key gap in the50

literature, as these tools could significantly improve expert understanding and trust by making model51

predictions more transparent and actionable.52

To address this gap, the present study combines 16S rRNA gene metabarcoding with super-53

vised ML models and SHAP analysis to predict and interpret variations in Lactococcus abundance54

within a meat product. First, the relative abundance of Lactococcus was quantified using sequencing55

data. Then, we employed multiple machine learning algorithms—including Artificial Neural Net-56

works (ANN), Random Forest, Gradient Boosting, and k-Nearest Neighbors (kNN) regression—to57

model its abundance based on seasonal variables (e.g., spring vs. autumn), production parameters58

(e.g., storage day), and the relative abundance of other microbial taxa. To overcome the challenge of59

limited sample size, a GAN was used to create a synthetic dataset that enriched the training data60

and improved model robustness. Finally, SHAP analysis was applied to interpret the model’s out-61

put and to identify the most influential factors driving Lactococcus levels. By combining microbial62

sequencing data with predictive and explainable modeling techniques, this study contributes to the63

design of more informed, effective strategies for enhancing food safety and microbial quality.64

Specifically, this study contributes to the field in the following ways:65
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• An interpretable model is built using 16S rRNA data, machine learning, and SHAP to predict66

Lactococcus abundance.67

• Seasonal shifts, storage time, and microbial co-occurrence emerge as key drivers of Lactococcus68

dynamics.69

• Explainable AI enables transparent insights from complex models in food microbiology.70

• GAN-based synthetic data improves predictive accuracy under limited data conditions.71

The paper is structured as follows: In Section 2, related work is reviewed to provide context72

and highlight existing gaps in the literature. In Section 3, we provide a detailed explanation of73

our proposed method. Following this, in Section 4, we present the experimental results and analyse74

the performance of the proposed methods. Finally, in Sections 5 and 6, we conclude the paper by75

summarizing our findings and suggesting new directions for future research.76

2 Related Work77

Recent advancements in ML have revolutionized predictive microbiology by offering powerful tools for78

modeling microbial dynamics under complex, multidimensional conditions. Unlike traditional kinetic79

models, ML algorithms can capture non-linear relationships and high-order interactions between80

environmental variables and microbial responses without relying on predefined mathematical struc-81

tures. This capacity makes ML particularly suitable for high-throughput applications and large-scale82

risk assessments in food safety.83

A number of studies have demonstrated the efficacy of ML regression models for predicting84

microbial growth under varying environmental conditions and food matrices. Koyama et al. (2022)85

applied SVR, ETR, and GPR to model E. coli O157:H7 growth without using primary or secondary86

models, with SVR achieving the highest performance (R2 = 0.93, RMSE = 0.36). However, their87

model’s interpretability was limited and dataset size was relatively small, affecting generalizability.88

Al et al. (2024) compared RF, ANN, SVR, and MLR for modeling E. coli O157:H7 growth in beef,89

where RF performed best (R2 = 0.98, MSE = 0.08), but again, the study was constrained by a90

limited dataset. In contrast, Yücel and Tarlak (2023) used a more extensive dataset (n = 2654) from91

ComBase and demonstrated strong performance of RFR in modeling multiple pathogens in beef,92

with R2 = 0.949, without explicitly reporting major limitations.93

Complementary applications by Tarlak (2024) used machine learning models to model Pseu-94

domonas spp. in culture media, identifying GPR as most accurate (R2
adj = 0.923, RMSE = 0.005),95

though interpretability and dataset size were acknowledged as constraints. Tarlak and Yücel (2023)96

extended these approaches to multiple food matrices, showing RFR superiority (R2 = 0.913), but97

similarly noted issues of transparency and dataset size. Yildirim-Yalcin et al. (2025) predicted total98

mesophilic bacteria in spinach using SVR, DTR, and GPR, where GPR performed best (R2 = 0.9888,99

RMSE = 0.0811); yet, the model was trained on a relatively small dataset and lacked interpretability,100

limiting its robustness.101

Growth/no-growth (G/NG) boundary modeling has also gained traction in food safety applica-102

tions. Oliveira et al. (2024) developed a logistic regression model to predict Clostridium sporogenes103

behavior in processed cheese using pH, NaCl, and nisin as predictors. Despite identifying key104

inhibitory conditions, their model accuracy was moderate (62.8%) and limited by a small dataset (n105

= 75). Sun et al. (2021) achieved high predictive accuracy (c− values > 0.98) for Bacillus spores in106

acidic environments using 1920 binary observations, with no critical limitations reported. Meanwhile,107

Kuroda et al. (2019) employed deep learning and neural networks for spore G/NG prediction and108

achieved AUC > 0.95. Nevertheless, they acknowledged the limited interpretability of their models109

and the relatively small dataset used for training.110

In the context of microbiome-informed prediction, Ince et al. (2024) augmented metagenomic data111

using CTGAN to enhance model performance in classifying Clostridium growth patterns. Synthetic112

sample generation improved AUC from 0.79 to 0.94, but the base dataset remained small, impacting113

the overall reliability. Efforts to build more generalized models for microbial prediction using large-114

scale data were demonstrated by Hosoe et al. (2022) and Hiura et al. (2021), who utilized ensemble115

methods like XGBoost trained on ComBase data. Hosoe et al. (2022) modeled eight species under116

5025 environmental conditions and achieved R2 = 0.76, while Hiura et al. (2021) attained R2 = 0.75117

using 27,059 observations for Listeria monocytogenes. While both studies benefited from dataset scale118

and SHAP-based interpretability, Hosoe et al. (2022) specifically noted variability in model accuracy119

across microorganisms and food categories as a limitation.120
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Beyond growth modeling, ML has also been utilized in microbial source attribution. Munck et al.121

(2020) implemented logit boost and RF models to attribute human Salmonella Typhimurium cases to122

animal reservoirs using cgMLST profiles. The logit boost model yielded 92% accuracy and correctly123

attributed 81% of 118 human cases. However, their dataset was relatively small and imbalanced, and124

the authors noted reduced transparency in the interpretability of the model outputs.125

Karlsen et al. (2021) explored the prediction of milk acidification rates (Vmax) of Lactococcus lac-126

tis using Random Forest models trained on 342 genome sequences with four genomic representations.127

The 9-mer model achieved the highest performance (PC = 0.85). Although the models revealed mean-128

ingful biological markers related to lactose metabolism and stress response, the study acknowledged129

the challenge of model interpretability and the limitations posed by the moderate dataset size.130

Despite the growing application of machine learning in predictive microbiology, a number of stud-131

ies still lack interpretability-enhancing tools such as SHAP or feature importance analysis, including132

(Al et al. 2024; Yildirim-Yalcin et al. 2025; Oliveira et al. 2024; Munck et al. 2020; Koyama et al.133

2022), which limits the biological transparency and trustworthiness of their models. In addition, sev-134

eral investigations such as (Koyama et al. 2022; Oliveira et al. 2024; Tarlak 2024; Kuroda et al. 2019;135

Yildirim-Yalcin et al. 2025) are constrained by relatively small datasets, which can affect both the136

generalizability and robustness of the trained models.137

Moreover, while Lactococcus lactis has been studied in the context of milk acidification kinetics138

(Karlsen et al. 2021), its abundance dynamics—particularly in response to microbial competition139

or environmental stress—remain unaddressed through ML-based modeling. No studies to date have140

examined the potential seasonal variation in microbial patterns by incorporating samples collected141

across different time points, which could reveal temporal signatures affecting microbial behavior.142

Finally, interspecies microbial relationships, which are critical for understanding microbial ecology143

in food systems, have not been thoroughly explored using explainable machine learning frameworks,144

leaving a significant gap in both mechanistic understanding and predictive insight. Lastly, given145

that data collection in this domain is often time-consuming and expensive, the underutilization of146

generative methods such as GAN-based data augmentation represents a significant research gap.147

3 Material and Methods148

Data Cleaning
Genus Filtering
Standardization 

16S rRNA
Sequencing

Data Collection

Data Preprocessing

Raw
Data

Modelling

Cross Validation
K=4

Synthetic data using
GAN

Preprocessed
Data

Explainable
AI

Machine Learning 
Models

Synthetic
Data

Train
Train
Train
Test

Illumina MiSeq

Train

Test

Evaluation

Fig. 1: The flow chart of the steps followed in the current study.

In this study, a multi-step analytical framework was employed to investigate microbial dynam-149

ics in fermented meat products. (1) Microbial community data were first collected through 16S150

rRNA gene sequencing using the Illumina MiSeq platform. (2) The resulting raw sequencing data151

were subjected to a comprehensive preprocessing pipeline that included data cleaning, genus-level152

filtering (where genera with over 80% of values below 0.1% relative abundance were removed), and153

standardization of features to ensure consistency in scale. (3) To augment the dataset and improve154

model robustness, synthetic microbial profiles were generated using a GAN. (4) These synthetic155
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data were combined with the original dataset to train supervised machine learning models, using156

cross-validation and test-train splitting strategies to evaluate predictive performance. (5) Finally,157

model evaluation was conducted using performance metrics such as R2, MAE, and MSE, along with158

explainable AI techniques—specifically SHAP—to interpret feature contributions and identify key159

ecological and contextual drivers of Lactococcus abundance. The workflow diagram outlining these160

steps is illustrated in Figure 1.161

3.1 Data Collection162

Skin-packed rump steaks were shipped overnight to Campden BRI (Campden BRI) on kill day +21163

(K+21) following processing at the packaging sites, representing retail day 0 (R+0). Upon arrival164

the next day (R+1), the samples were stored at 5◦C ± 1◦C. On R+12, the samples underwent165

temperature abuse at 22◦C ± 1◦C for 2 hours, after which they were stored at 7◦C ± 1◦C for the166

remainder of their shelf life to simulate consumer handling and storage in a domestic refrigerator.167

Samples were analyzed at R+1 (upon receipt), R+12 (before temperature abuse at 22°C), R+13,168

and R+18. One rump steak from each of the six trial carcasses was tested.169

Rump steaks were homogenized at a 1:1 dilution using Maximum Recovery Diluent (MRD). The170

homogenized 1:1 sample was used for 16S rRNA metabarcoding. Further dilutions with MRD were171

prepared to create a 1:10 dilution and subsequent serial dilutions for culture-based microbiological172

testing.173

3.2 16S rRNA Metabarcoding174

For samples to undergo 16S rRNA metabarcoding and population analysis, bacterial genomic DNA175

was extracted from each sample using the QIAGEN Power food DNeasy kit following manufac-176

turer’s protocol. Samples were pooled together and processed on an Illumina MiSeq with cycling177

conditions: 300 x 2 bp per run. The sequencing data was analysed using the 16S Metagenomics178

(V1.1.0) application on the Illumina BaseSpace online web application. Amplicons were taxo-179

nomically ranked using the RefSeq RDP 16S (V3) database. To amplify the variable regions 3180

and 4 of the 16S rRNA gene, the primers 341 F (TCGTCGGCAGCGTCAGATGTGTATAAGA-181

GACAGCTACGGGNGGCWGCAG) and 805 R (GTCTCGTGGGCTCGGAGATGTGTATAAGA-182

GACAGGACTACHVGGGTATCTAATCC) were used.183

3.3 Dataset Overview184

The dataset used in this study comprises microbiological and physicochemical data collected from185

84 rump steak samples. A total of 734 bacterial species were identified based on abundance data.186

Samples were collected over seven different days (Day 4, 11, 21, 22, 33, 34, and 40) across two distinct187

seasons, Spring and Autumn. The dataset includes 736 features in total, of which 735 are numerical188

and represent bacterial abundance and other quantitative measurements, while 1 is categorical. The189

categorical feature Season indicates the season in which the sample was collected, with possible190

values being Spring and Autumn. This dataset offers a comprehensive profile of microbial diversity191

and environmental factors influencing spoilage over time and under various storage conditions. The192

dataset used in this study was provided as part of a collaborative effort with Campden BRI (Campden193

BRI).194

3.4 Data Preprocessing195

The initial dataset comprised microbial abundance information for 734 unique genera derived from196

16S rRNA sequencing data. To reduce dimensionality and remove potentially non-informative fea-197

tures, a filtering step was applied. Specifically, genera that were present in less than 0.1% of the198

samples or appeared in more than 80% of the samples were excluded, as such features are either199

too sparse or overly dominant to contribute meaningful variance to the model. After this filtering200

process, a total of 31 genera remained. Categorical variables were processed accordingly. The Sea-201

son feature, which includes categories such as spring and autumn, was transformed using one-hot202

encoding to convert the categorical labels into binary numerical features suitable for machine learn-203

ing algorithms. Finally, to ensure that all input features contributed equally to the learning process204

and to improve model convergence, the dataset was standardized. This involved scaling all numerical205

features to have zero mean and unit variance.206
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3.5 GAN-Based Synthetic Dataset207

In this study, the original dataset obtained from Campden BRI was expanded using the TVAESyn-208

thesizer (Tabular Variational Autoencoder) (SDV) to generate 1,000 synthetic data points. The209

TVAESynthesizer is a deep learning-based generative model designed to produce realistic synthetic210

data while preserving the statistical properties and underlying patterns of the original dataset (Kha-211

timan et al. 2023). This approach enhances the dataset size and diversity, which can improve model212

generalization and increase the robustness of subsequent machine learning analyses. The generated213

synthetic data maintain the original data’s structure, including the relationships between bacterial214

abundance, collection days, and seasonal variations (Kiran and Kumar 2024). This data augmen-215

tation strategy allows for more comprehensive training and testing of predictive models, thereby216

strengthening the validity and reliability of the research findings.217

3.6 Machine Learning Models218

ANN, Random Forest, k-Nearest Neighbors, and Gradient Boosting are widely used machine learning219

algorithms across various domains. This synthesis explores their methodologies, advantages, and220

applications.221

3.6.1 Artificial Neural Networks222

ANN are computational models inspired by the human brain’s neural architecture. They consist of223

interconnected nodes or neurons organized into layers – input, hidden, and output layers. ANNs excel224

in capturing complex relationships within data and are particularly effective in tasks such as image225

and speech recognition, where deep learning can enhance their performance.(Zain et al. 2012).226

3.6.2 Random Forest227

Random Forest is an ensemble learning technique that constructs multiple decision trees during228

training and outputs the mode of their predictions (for classification) or the mean prediction (for229

regression). A significant advantage of RF is its robustness against overfitting, as it builds trees from230

random subsets of data and features, effectively reducing variance without greatly increasing bias231

(Breiman 2001)232

3.6.3 k-Nearest Neighbors233

k-Nearest Neighbors operates by identifying the ’k’ closest samples in the feature space when pre-234

dicting the output for a new instance. It’s a non-parametric method, meaning it makes no explicit235

assumptions about the distribution of data. This algorithm shines in scenarios with well-defined class236

borders but struggles with high-dimensional data due to the curse of dimensionality, which can lead237

to decreased performance (Song et al. 2017)238

3.6.4 Gradient Boosting239

Gradient Boosting is another ensemble technique that builds models sequentially, where each new240

model attempts to correct the errors made by previous ones. It is characterized by its ability to241

reduce both bias and variance, making it a powerful tool for tasks requiring high predictive accuracy242

(Friedman 2001)243

3.7 SHAP Analysis244

SHAP analysis, or SHapley Additive exPlanations, emerges as a pivotal framework in the context of245

interpretable machine learning, grounded in cooperative game theory. This approach is designed to246

elucidate the contributions of individual features towards the predictive output of complex machine247

learning models, thereby enhancing their interpretability (Lundberg and Lee 2017). By calculating248

SHAP values, it quantifies the impact of each feature in a manner that maintains fairness across249

all contributing variables, effectively attributing the final prediction to their respective influences250

(Zargari Marandi 2024).251

The SHAP value for a given feature i, denoted as φi, is defined by the following equation:252
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Table 1: Machine learning models hyperparameters used in this study.

Model Hyperparameter Value

ANN Layers 5 (512, 512, 512, 512, 1)
Activation ReLU (output: Linear)
Optimizer Adam
Learning rate 0.001
Loss Mean Squared Error
Epochs 10
Batch size 4

Random Forest n estimators 100
criterion squared error
max depth None
min samples split 2
min samples leaf 1
max features auto
random state 42

Gradient Boosting n estimators 500
learning rate 0.01
loss squared error
max depth 3
subsample 0.7
min samples split 2
min samples leaf 5
max features None
random state 4

KNN n neighbors 5
weights uniform
algorithm auto
leaf size 30
metric minkowski

φi =
∑

S⊆N\{i}

|S|!(|N | − |S| − 1)!

|N |!
[f(S ∪ {i})− f(S)] (1)

Where:253

• φi: The SHAP value for feature i, representing its contribution to the prediction.254

• N : The set of all input features.255

• S: A subset of features excluding i.256

• f(S): The model’s prediction for the subset S.257

3.7.1 Cross-Validation258

To evaluate the generalizability and performance of the machine learning models, we employed k-259

fold cross-validation with k = 4. In this approach, the dataset is divided into four equal-sized subsets260

(folds). During each iteration, three folds are used for training the model while the remaining fold is261

used for validation. This process is repeated four times such that each fold is used exactly once as262

the validation set (Nti et al. 2021).263

The final evaluation metric is computed as the average of the performance scores obtained in264

each iteration. Let Mi denote the evaluation metric (e.g., mean squared error) for fold i, where265

i = 1, 2, 3, 4. The overall metric M is calculated as follows:266

M =
1

k

k∑

i=1

Mi (2)

In our experiments, this procedure ensures a balanced and robust estimation of model per-267

formance, helping to mitigate issues such as overfitting and variance due to random train-test268

splits.269
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3.8 Model Evaluation Metrics270

To evaluate the performance of the regression models, three key metrics were used: the coefficient of271

determination (R2), Mean Squared Error (MSE), and Mean Absolute Error (MAE). These metrics272

provide a comprehensive understanding of the models’ predictive accuracy and overall performance.273

3.8.1 Coefficient of Determination (R2)274

The coefficient of determination (R2) measures the proportion of the variance in the dependent275

variable that is predictable from the independent variables. An R2 value close to 1 indicates that276

the model explains most of the variability in the target variable, whereas a value close to 0 suggests277

poor predictive performance (Di Bucchianico 2008). The R2 value is calculated using the following278

equation:279

R2 = 1−

∑n

i=1(yi − ŷi)
2

∑n

i=1(yi − ȳ)2
(3)

where:280

• yi = Actual value of the dependent variable for the ith sample281

• ŷi = Predicted value of the dependent variable for the ith sample282

• ȳ = Mean of the actual values283

• n = Number of samples284

3.8.2 Mean Squared Error285

Mean Squared Error represents the average squared difference between the actual and predicted286

values. Lower MSE values indicate better predictive accuracy, as the model’s predictions are closer287

to the true values (Wang and Bovik 2009). The MSE value is calculated using the following equation:288

MSE =
1

n

n∑

i=1

(yi − ŷi)
2 (4)

3.8.3 Mean Absolute Error289

Mean Absolute Error measures the average absolute difference between the actual and predicted290

values. Unlike MSE, MAE provides a more interpretable metric since it reflects the average error291

magnitude in the original units of the target variable (Hodson 2022). The MAE value is calculated292

using the following equation:293

MAE =
1

n

n∑

i=1

|yi − ŷi| (5)

4 Results294

In this section, we present the results of our predictive modeling and microbial abundance analysis.295

We focus on evaluating the seasonal dynamics of key microbial genera, particularly Lactococcus,296

using both the original and GAN-generated synthetic datasets. The performance of different machine297

learning models is also assessed, followed by interpretability insights derived from SHAP analysis.298

4.1 Comparative Analysis of Seasonal Variation in Microbial Genera299

Using Original and GAN-Based Synthetic Datasets300

To evaluate the capacity of synthetic data in capturing biologically relevant patterns, we compared301

microbial genus-level abundances between spring and autumn across both the original and GAN-302

based synthetic datasets. Figure 2 displays the top 10 most abundant genera in each season. In both303

datasets, genera such as Lactobacillus,Carnobacterium, and Leuconostoc consistently ranked among304

the most dominant taxa. However, notable seasonal shifts in relative abundance were observed, with305

some genera showing substantial increases in autumn compared to spring.306

Focusing on Lactococcus, a genus exhibiting pronounced seasonal variability, we observed a sta-307

tistically significant difference in abundance between seasons in both datasets. As shown in Figure308
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Fig. 2: Top 10 most abundant genera in samples collected in different seasons: (a) Top 10 genera in
terms of abundance percentage in samples collected in autumn (original dataset). (b) Top 10 genera
in terms of abundance percentage in samples collected in spring (original dataset). (c) Top 10 genera
in terms of abundance percentage in samples collected in autumn (GAN-based synthetic dataset).
(d) Top 10 genera in terms of abundance percentage in samples collected in spring (GAN-based
synthetic dataset).

3, the original dataset yielded a p-value of 0.0001 (Figure 3a), whereas the GAN-based synthetic309

dataset produced an even more significant result (p = 8.60e–40, Figure 3b). In both cases, Lactococ-310

cus abundance was markedly higher in autumn than in spring, suggesting a robust seasonal signal311

that is well preserved in the synthetic data.312
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Fig. 3: Box plot showing the abundance of Lactococcus in samples collected during spring and
autumn. (a) Original dataset (T-test, p-value = 0.0001); (b) GAN-based synthetic dataset (T-test,
p-value = 8.60e-40). The low p-values in both datasets indicate a statistically significant difference
between the two seasons.

To further dissect these seasonal trends, we analyzed Lactococcus abundance across individual313

sampling days (Figures 4 and 5). In the original dataset (Figure 4), statistically significant differences314

emerged from Day 21 onward (e.g., Day 21: p = 0.003739; Day 33: p = 1.622e–05), with autumn315

samples consistently exhibiting higher Lactococcus abundance. The GAN-based synthetic dataset316
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Fig. 4: Box plots showing the abundance of Lactococcus in samples collected during spring and
autumn on different days for the original dataset. The p-values from t-tests indicate the statistical
significance of the differences in abundance between seasons: (a) Day 4, (b) Day 11, (c) Day 21, (d)
Day 22, (e) Day 33, (f) Day 34, (g) Day 40. Blue boxes represent spring samples, while orange boxes
represent autumn samples.
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Fig. 5: Box plots showing the abundance of Lactococcus in spring and autumn samples on different
days for the GAN-based synthetic dataset. The p-values from t-tests indicate the statistical signifi-
cance of the differences in abundance between seasons: (a) Day 4, (b) Day 11, (c) Day 21, (d) Day
22, (e) Day 33, (f) Day 34, (g) Day 40. Blue boxes represent spring samples, while orange boxes rep-
resent autumn samples.
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mirrored these patterns but exhibited even stronger statistical significance at earlier time points317

(e.g., Day 21: p = 2.362e–13; Day 33: p = 1.703e–33), indicating enhanced sensitivity to temporal318

variation.319

These results collectively underscore the capacity of GAN-generated synthetic datasets to not320

only replicate the overarching seasonal patterns evident in the original data but also to amplify321

nuanced biological signals that may be less discernible in empirical observations. The high degree of322

concordance between the real and synthetic datasets substantiates the applicability of GAN-based323

methodologies in microbiome research, particularly in contexts requiring data augmentation or the324

mitigation of sampling-related limitations. Furthermore, the faithful retention of ecologically relevant325

dynamics—such as the seasonal variability of Lactococcus—demonstrates that synthetic data can326

function as biologically credible surrogates for empirical datasets, thereby offering a robust framework327

for downstream ecological and functional inference.328

4.2 Correlation Analysis Between Features and Lactococcus Abundance329

Table 2: Top 10 absolute Spearman correlations with corresponding p-values for original and GAN-
based synthetic datasets.

Original Dataset GAN-based Synthetic Dataset

Feature

Spearman

Correlation p-value Feature

Spearman

Correlation p-value

Hafnia 0.67 4.64× 10−12 Hafnia 0.547240 3.39× 10−79

Buttiauxella 0.56 3.52× 10−8 Carnobacterium -0.542577 1.26× 10−77

Day 0.48 4.81× 10−6 Bacillus -0.509052 4.95× 10−67

Leuconostoc 0.43 4.09× 10−5 Staphylococcus -0.487301 9.15× 10−61

Weissella 0.37 6.32× 10−4 Rubrobacter -0.434959 2.05× 10−47

Carnobacterium -0.57 1.35× 10−8 Janthinobacterium -0.434317 2.90× 10−47

Psychrobacter -0.58 7.66× 10−9 Weissella 0.429350 4.08× 10−46

Bacillus -0.62 4.50× 10−10 Brochothrix -0.419887 5.55× 10−44

Exiguobacterium -0.51 8.67× 10−7 Day 0.457883 5.62× 10−53

Staphylococcus -0.47 7.86× 10−6 Flavobacterium -0.372644 2.69× 10−34

To further evaluate the factors potentially associated with Lactococcus abundance, we conducted330

Spearman correlation analyses on both the original and GAN-based synthetic datasets. Table 2331

summarizes the top 10 features exhibiting the strongest absolute correlation values, along with their332

corresponding p-values.333

In the original dataset, Hafnia exhibited the highest positive correlation with Lactococcus abun-334

dance (ρ = 0.67, p = 4.64 × 10−12), followed by Buttiauxella and the variable Day, suggesting a335

temporal component to Lactococcus dynamics. Notably, several genera such as Carnobacterium, Psy-336

chrobacter, and Bacillus showed significant negative correlations (ρ = −0.57 to −0.62), indicating337

potential antagonistic or mutually exclusive relationships in microbial community structure.338

The GAN-based synthetic dataset yielded a comparable correlation structure, with Hafnia again339

demonstrating a strong positive correlation (ρ = 0.547, p = 3.39×10−79), consistent with the original340

data. Similarly, Carnobacterium and Bacillus showed robust negative associations with Lactococ-341

cus abundance (ρ = −0.543 and −0.509, respectively), reinforcing the biological plausibility of the342

synthetic model’s outputs. Importantly, the synthetic data also captured additional genera—such as343

Janthinobacterium, and Flavobacterium—exhibiting significant correlations, potentially reflecting an344

expanded or nuanced representation of community interactions.345

The high concordance between key correlates in the real and synthetic datasets substantiates the346

capacity of GAN-based models to preserve underlying microbial association patterns. Moreover, the347

extremely low p-values observed in the synthetic dataset indicate a high level of statistical confidence,348

further validating the fidelity of synthetic data in capturing ecologically meaningful relationships.349

4.3 Performance Evaluation of Machine Learning Models on the Original350

Dataset351

Table 3 provides a comparative performance analysis of four widely used machine learning algo-352

rithms—ANN, Random Forest, KNN, and Gradient Boosting—applied to the original dataset. The353
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Table 3: Performance comparison of machine learning models using cross-validation on the original
dataset. Reported metrics include the coefficient of determination (R2), MSE, and MAE.

Algorithms
R2

(Mean ± Std)
MSE

(Mean ± Std)
MAE

(Mean ± Std)

ANN 0.87± 0.04 15.86± 4.24 2.70± 0.44

Random Forest 0.74± 0.09 31.12± 9.10 3.99± 0.52

KNN 0.81± 0.03 23.69± 4.03 3.31± 0.31

Gradient Boosting 0.77± 0.10 27.73± 10.04 3.79± 0.50

evaluation was performed using three regression metrics: coefficient of determination (R2), MSE, and354

MAE, with each metric reported as the mean ± standard deviation over 4-fold cross-validation.355

Among the evaluated models, the ANN consistently outperformed the others across all metrics.356

It achieved the highest R2 score (0.87 ± 0.04), indicating that approximately 87% of the variance357

in the target variable could be explained by the model. Moreover, ANN yielded the lowest MSE358

(15.86 ± 4.24) and MAE (2.70 ± 0.44), reflecting superior predictive accuracy and minimal deviation359

from actual observations. These results underscore the ANN’s capability to capture complex, non-360

linear interactions within microbiome data. Gradient Boosting and KNN followed with comparable361

R2 scores (0.87 and 0.81, respectively), although KNN had a lower MSE (23.69 ± 4.03) compared to362

Gradient Boosting (27.73 ± 10.04), suggesting better average error performance despite its simpler363

architecture. Random Forest demonstrated the lowest R2 (0.74 ± 0.09) and the highest MSE (31.12 ±364

9.10), indicating suboptimal performance relative to the other models. Additionally, Random Forest365

and Gradient Boosting both exhibited relatively higher standard deviations across folds, implying366

less stable generalization performance.367

These results are further supported by the scatter plots in Figure 6, which visualize the relation-368

ship between predicted and actual values for each model. The ANN model (Figure 6a) shows points369

tightly clustered around the perfect fit line (y = x), confirming its high accuracy. In contrast, the370

predictions from the Random Forest model (Figure 6b) display greater dispersion from the ideal line,371

consistent with its lower R2 score. Similarly, Gradient Boosting and KNN models (Figures 6c and372

6d) exhibit intermediate levels of predictive alignment.373

Complementary to this, Figure 7 presents the predicted and true Lactococcus abundance val-374

ues across all test samples. Again, the ANN model (Figure 7a) demonstrates the closest alignment375

between predicted (red) and true (blue) values, with less deviation across sample indices. Random376

Forest (Figure 7b) shows more pronounced discrepancies, particularly in underestimating or overes-377

timating peak abundance values. Gradient Boosting and KNN (Figures 7c and 7d) partially capture378

the overall trend but miss certain local fluctuations.379

The consistently strong results of ANN highlight its suitability for regression tasks involving380

microbiome data, where variable interdependencies and non-linear relationships are prevalent. The381

observed variation in model performance also reinforces the need for careful model selection based382

on both accuracy and consistency. These findings provide a robust baseline for future predictive383

modeling efforts using microbiome features and underscore the feasibility of achieving high prediction384

accuracy with appropriate machine learning frameworks.385

4.4 Performance of Models Trained on GAN-Based Synthetic Data386

Table 4 illustrates the generalization capabilities of machine learning models trained exclusively387

on the GAN-based synthetic dataset and evaluated on the original dataset. The reported metrics388

coefficient of determination (R2), MSE, and MAE—provide insight into the extent to which synthetic389

data can effectively support predictive modeling tasks in real-world contexts.390

Remarkably, all four models demonstrated substantial predictive performance when applied to the391

original dataset, despite being trained solely on synthetic data. The ANN model once again emerged392

as the top performer, achieving the highest R2 (0.89), the lowest MSE (13.51), and the lowest MAE393

(2.54). These results not only mirror the model’s success on real-data training (as observed in Table 4)394

but also indicate a strong alignment between the synthetic and empirical data distributions. Gradient395
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Fig. 6: Scatter plots of predicted versus actual values for different regression models on the original
dataset: (a) ANN model, (b) Random Forest model, (c) Gradient Boosting Regression model, (d)
KNN model. The red dashed line represents the perfect fit line (y = x), and R2 values indicate the
goodness of fit for each model.

Table 4: Performance of machine learning models trained on the GAN-based synthetic dataset and
evaluated on the original dataset. Reported metrics include the coefficient of determination (R2),
MSE, and MAE.

Model R2 MSE MAE

ANN 0.89 13.51 2.54

Random Forest 0.85 19.03 3.13

Gradient Boosting 0.87 15.95 2.93

KNN 0.81 23.05 3.07
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Fig. 7: Comparison of true and predicted Lactococcus abundance values across different models: (a)
ANN model, (b) Random Forest model, (c) Gradient Boosting Regression model, (d) KNN model.
Blue dots represent true values, while red dots represent predicted values.

Boosting and Random Forest also achieved competitive R2 values (0.87 and 0.85, respectively),396

with relatively low error margins, further validating the biological plausibility of the GAN-generated397

dataset. The KNN model, while exhibiting slightly reduced accuracy (R2 = 0.81), still maintained398

reasonable generalization, suggesting that even simpler algorithms can extract meaningful patterns399

from synthetic inputs.400

To complement the quantitative results in Table 4, Figure 8 presents scatter plots of predicted401

versus actual values for each model trained on the GAN-based synthetic dataset and tested on the402

original data. The ANN model (Figure 8a) shows the closest alignment with the perfect predic-403

tion line (y = x), achieving the highest R2 value (0.89), indicating strong generalization. Gradient404

Boosting (0.87) and Random Forest (0.85) follow closely, while KNN (0.81) exhibits more dispersion,405

particularly at higher values. These results visually confirm the effectiveness of the synthetic data in406

supporting real-world prediction tasks, particularly for the ANN model.407

These findings underscore the utility of GAN-based synthetic data in enabling model training408

when real data is scarce, sensitive, or imbalanced. The ability of models trained on synthetic samples409

to generalize effectively to actual data highlights the potential of generative approaches in microbiome410

research and beyond. This also creates opportunities to use synthetic data for model pretraining,411

transfer learning, and data augmentation, which can help improve the reliability and performance of412

predictive models in complex biological applications.413
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Fig. 8: Scatter plots of predicted versus actual values for different regression models on the GAN-
based synthetic dataset: (a) ANN model, (b) Random Forest model, (c) Gradient Boosting Regression
model, (d) KNN model. The red dashed line represents the perfect fit line (y = x), and R2 values
indicate the goodness of fit for each model.

4.5 Explaining Model Predictions through SHAP Value Results414

The interpretability of the artificial neural network model developed for predicting Lactococcus abun-415

dance was evaluated using SHAP analysis based on both the original dataset and the GAN-generated416

synthetic dataset as presented in Figure 9. Figures 9a and 9b correspond to the SHAP summary plot417

and the mean absolute SHAP value plot for the original data respectively. In the summary plot each418

point represents the SHAP value for a single observation where the position on the x-axis reflects419

the impact of the corresponding feature on the model output. Points located on the right-hand side420

contribute positively to the predicted Lactococcus abundance whereas those on the left have a neg-421

ative effect. The color of the points indicates the magnitude of the feature values with red denoting422

high values and blue representing low values423

Upon examination of Figure 9a, Lactobacillus emerges as the most influential variable in predict-424

ing the abundance of Lactococcus. This is followed by Season, Carnobacterium, Lactigenium, and Day425
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(storage duration). The model outputs indicate that high levels of Lactobacillus are negatively asso-426

ciated with Lactococcus levels. This suggests a potential competitive relationship between the two427

species, wherein the dominance of Lactobacillus within the microbial composition may inhibit the428

growth of Lactococcus through mechanisms such as nutrient competition or metabolite production.429

Similarly, both Carnobacterium and Lactigenium exhibit negative associations with Lactococcus, fur-430

ther indicating the presence of comparable microbial interactions. In terms of the Season variable,431

the spring season appears to negatively influence Lactococcus abundance. This finding implies that432

seasonal environmental factors (e.g., temperature, humidity, surrounding microbiota) or variations433

in production and storage conditions may play a critical role in shaping the growth dynamics of this434

bacterial species. Lastly, the increase in the Day variable, which refers to the duration of storage, is435

positively correlated with Lactococcus levels. This observation suggests that Lactococcus may pro-436

liferate over time or that its relative abundance increases as other competing species decline during437

extended storage. Collectively, these findings provide important insights into the ecological dynamics438

of Lactococcus within microbial communities and underscore its relevance in maintaining microbial439

balance in food products.440

Figures 9c and 9d display the SHAP analysis for the GAN-based synthetic dataset. In Figure 9c,441

the model was trained using synthetic data generated by a Generative Adversarial Network (GAN)442

and subsequently tested on the original dataset to assess the transferability of learned patterns.443

In this case, Season again emerged as the most important predictor of Lactococcus abundance,444

followed by Weissella, Carnobacterium, and Hafnia. Notably, high levels of Weissella and Hafnia445

were positively associated with increased Lactococcus levels, which may indicate synergistic or co-446

occurring microbial relationships. Conversely, Carnobacterium exhibited a negative association with447

Lactococcus, consistent with the pattern observed in Figure 9a and reinforcing the idea of microbial448

competition. Although the Day variable was ranked lowest in importance, it still demonstrated a449

positive influence on Lactococcus levels, suggesting a consistent trend where longer storage durations450

favor the presence or growth of this bacterial genus. Overall, the comparison of both models—one451

trained on real data and the other on GAN-generated synthetic data—provides valuable insights452

into the robustness of predictive features and the underlying ecological relationships within the453

microbiome.454

5 Discussion455

This study highlights the effectiveness of combining real microbiome data with GAN-generated syn-456

thetic data to model the seasonal variation of Lactococcus abundance in meat products. The results457

indicate that synthetic data not only preserve biological patterns observed in real datasets but458

also enhance the performance and generalizability of machine learning models. This dual advantage459

addresses two major challenges in microbiome-based predictive modeling: limited sample sizes and460

model interpretability.461

Statistical comparisons between the original and GAN-based datasets revealed highly consistent462

trends in seasonal dynamics. Specifically, Lactococcus abundance was significantly higher in autumn463

than in spring in both datasets. The original data showed a statistically significant difference with464

a p-value of 0.0001, whereas the synthetic data presented an even stronger result (p = 8.60e–40),465

suggesting enhanced sensitivity to seasonal effects. These consistent findings across multiple time466

points, especially from day 21 onward, demonstrate the ability of synthetic data to preserve fine-467

grained biological variation and temporal patterns.468

Further analysis revealed a high level of agreement in microbial correlations between the real469

and synthetic datasets. For instance, Hafnia was positively associated with Lactococcus abundance470

in both datasets (Spearman’s ρ = 0.67 for real data and ρ = 0.547 for synthetic data), while471

Carnobacterium and Bacillus showed negative correlations. These relationships suggest competitive472

or mutually exclusive ecological interactions, and their preservation in synthetic data validates the473

biological credibility of the generative approach. Moreover, the synthetic dataset revealed additional474

correlated genera, such as Janthinobacterium and Flavobacterium, indicating that GAN-generated475

data may help uncover subtle relationships that are not easily detectable in small datasets due to476

limited statistical power.477

From a predictive modeling perspective, the ANN consistently outperformed other machine learn-478

ing models, both when trained on real and synthetic data. When trained on the original dataset,479

the ANN achieved an R2 score of 0.87. Remarkably, training the ANN exclusively on synthetic data480

and testing it on real samples resulted in an even higher R2 score of 0.89. This improvement reflects481
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Fig. 9: SHAP summary plots and feature importance rankings for original and GAN-based synthetic
datasets. (a) SHAP summary plot for the original dataset. (b) Mean absolute SHAP value plot
showing the average impact of each feature on the model output for the original dataset. (c) SHAP
summary plot for the GAN-based synthetic dataset. (d) Mean absolute SHAP value plot showing
the average impact of each feature on the model output for the GAN-based synthetic dataset.

the high quality and utility of the GAN-generated data, which allowed the model to generalize well482

to previously unseen real-world data. Other models, including Gradient Boosting and Random For-483

est, also benefited from training on synthetic data, with R2 values increasing from 0.77 and 0.74484

to 0.87 and 0.85, respectively. Previous studies conducted in various domains using techniques such485

as GAN-based synthetic data augmentation (Arora and Arora 2022; Mert 2023) have demonstrated486

improvements in model accuracy and stability; these enhancements further support the argument487

that synthetic data augmentation can positively influence model performance.488

To better understand the decision-making process of the models, SHAP analysis was applied.489

SHAP-based explainability enhances the interpretability of the model outputs, allowing stakeholders490

to identify which features most influence microbial trends (Hosoe et al. 2022). This explainability tech-491

nique quantified the contribution of each feature to the prediction of Lactococcus abundance, offering492

transparency and interpretability for otherwise complex models. Across both datasets, features such493

as Lactobacillus, Carnobacterium, Weissella, Hafnia, and the Season variable were identified as494

the most influential predictors. Notably, Lactobacillus had a strong negative effect on Lactococcus,495

suggesting a possible competitive interaction. Similarly, Carnobacterium and Lacticigenium showed496

negative contributions, while Hafnia and Weissella were positively associated, especially in the syn-497

thetic dataset. These results reflect a mixture of competitive and cooperative relationships within498

the microbial community, aligning well with ecological theory. The SHAP analysis also revealed the499

importance of seasonal and temporal variables. The Season feature, particularly spring, was con-500

sistently linked to lower Lactococcus levels, whereas higher levels were observed in autumn. This501

suggests that environmental factors such as temperature and humidity, which vary seasonally, may502

impact microbial community structure and dynamics. For instance, Yap et al. (2024) observed higher503

Lactococcus activity during the summer months in raw milk samples, in contrast to the present504
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study, which identified increased Lactococcus abundance in meat products during autumn. Addition-505

ally, the storage duration, captured by the Day variable, was positively correlated with Lactococcus506

abundance. This trend implies that either Lactococcus becomes more competitive over time or its507

relative abundance increases as other microbial populations decline during extended storage.508

Importantly, the SHAP feature rankings obtained from models trained on synthetic data closely509

matched those from real data, supporting the idea that GAN-based data can be used not only for510

improving prediction performance but also for extracting reliable and interpretable biological insights.511

This reinforces the potential of synthetic data in microbiome research, where interpretability and512

biological relevance are essential, particularly in food safety applications.513

However, the study is not without limitations. One of the limitations of this study is that it514

was conducted solely on rump steak. This restricts the generalizability of the findings and provides515

limited insight into the applicability of the method to other food products. Additionally, the study516

focused on two seasons (spring and autumn), thus excluding potential variations during summer and517

winter that might also influence microbial behavior.518

In conclusion, this study illustrates that combining synthetic data generation with interpretable519

machine learning can significantly enhance the modeling of microbial dynamics in food systems. GAN-520

generated data can serve as a reliable substitute or supplement for real datasets, especially when521

sample collection is limited or costly. SHAP analysis adds value by identifying the key drivers behind522

model predictions, bridging the gap between predictive performance and scientific understanding.523

5.1 Comparing previous research524

A wide range of studies have investigated the use of artificial intelligence methods in food safety525

assessment, leading to notable advancements in predictive performance and the overall reliability of526

such systems. However, critical challenges persist in terms of model interpretability, generalizability,527

and the integration of emerging technologies such as XAI and generative models. The comparative528

analysis provided in this section, drawing on previous studies outlined in Table 5, supports this529

discussion.530

In terms of predictive accuracy, numerous studies have demonstrated success in modeling micro-531

bial behavior under diverse food system conditions. For instance, Koyama et al. (2022) reported an532

R2 of 0.93 using support vector regression to model E. coli growth, while Al et al. (2024) achieved533

an R2 of 0.98 employing Random Forest models on beef datasets. Similarly, Yücel and Tarlak (2023)534

attained R2 = 0.949 with Random Forest Regression on the expansive ComBase dataset. Despite535

these impressive outcomes, many of the referenced studies utilized relatively constrained datasets536

and focused primarily on spoilage organisms, often overlooking beneficial microbial dynamics. Dis-537

tinct from these efforts, the present study centers on Lactococcus lactis—a beneficial bacterium538

integral to natural food preservation due to its nisin production. ANN trained on synthetic data and539

tested on real samples achieved an R2 of 0.89, indicating high performance even under cross-domain540

generalization. This positions the current research as a rare yet valuable contribution that applies541

high-performing ML models to the study of bioprotective rather than spoilage-associated bacteria.542

Another key advancement in this work lies in its integration of explainable artificial intelligence,543

specifically SHAP values, to improve model transparency. Prior studies—such as those by Oliveira544

et al. (2024); Yildirim-Yalcin et al. (2025); Kuroda et al. (2019); Al et al. (2024); Munck et al.545

(2020); Koyama et al. (2022)—have largely emphasized predictive performance, often at the cost546

of interpretability. In contrast, our framework provides insights into the contribution of individual547

features to the model’s predictions. Important factors such as Lactobacillus, Carnobacterium, and548

seasonal variables emerged as key determinants of Lactococcus abundance. This interpretable model-549

ing approach enhances both scientific understanding and stakeholder confidence, which is especially550

critical in regulatory contexts where trust in AI systems is paramount.551

Furthermore, the present study offers a novel perspective by examining interspecies microbial552

interactions—an area often neglected in previous literature. Many earlier models operate under553

the assumption that microbial species behave independently, thereby missing ecologically signifi-554

cant dynamics (Tarlak and Yücel 2023; Al et al. 2024; Hiura et al. 2021; Koyama et al. 2022). Our555

results, however, highlight both competitive and synergistic relationships: negative correlations were556

observed between Carnobacterium and Lactococcus, while positive associations with Lactobacillus557

suggest potential cooperation. These patterns were consistently supported by both SHAP values558

and Spearman correlation analysis, providing biologically meaningful interpretations of microbial559

community structure.560
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Lastly, data scarcity remains a significant limitation across microbiome modeling efforts (Papout-561

soglou et al. 2023). Although recent studies have explored data synthesis to counter this issue—such562

as Ince et al. (2024), who applied CTGAN for improved classification—such approaches are infre-563

quently applied to abundance prediction tasks. Building on this direction, our study utilized a Tabular564

Variational Autoencoder-based GAN to generate 1,000 synthetic samples that faithfully reproduced565

the statistical and ecological characteristics of the original dataset. The ANN trained exclusively on566

these synthetic samples not only generalized effectively to real-world data, but also outperformed567

other models, achieving the highest R2 of 0.89. These findings highlight the considerable promise of568

generative methods in bolstering microbiome analyses, particularly when data availability is limited.569

Table 5: Comparison of previous works on ML-based microbial prediction in food systems.

Reference Techniques Problem Addressed Key Findings
Koyama et al. (2022) SVR, ETR, GPR Growth prediction of E. coli O157 SVR: R2 = 0.93
Al et al. (2024) RF, ANN, SVR, MLR E. coli O157:H7 in raw beef RF: R2 = 0.98
Yücel and Tarlak (2023) RFR, DTR, GAMR Growth modeling of pathogens in

beef
RFR: R2 = 0.949

Tarlak (2024) GPR, SVR, RFR Pseudomonas in culture media GPR; R2
adj = 0.959

Tarlak and Yücel (2023) RFR, GPR, DTR Spoilage prediction in food prod-
ucts

RFR: R2 = 0.913

Yildirim-Yalcin et al.
(2025)

GPR, SVR, DTR Mesophilic bacteria in spinach GPR: R2 = 0.9888

Oliveira et al. (2024) Logistic Regression G/NG modeling of C. sporogenes 62.8% accuracy
Sun et al. (2021) Logistic Regression G/NG of acid-tolerant Bacillus c− value > 0.98
Kuroda et al. (2019) Deep Learning G/NG prediction of Bacillus spp. AUC > 0.95
Ince et al. (2024) CTGAN + RF Synthetic data for Clostridium AUC = 0.94
Hosoe et al. (2022) XGBoost + SHAP 8 species across 15 food types R2 = 0.76
Hiura et al. (2021) XGBoost L. monocytogenes dynamics R2 = 0.75
Munck et al. (2020) Logit Boost, RF Source attribution of Salmonella 92% accuracy
Karlsen et al. (2021) RF + Genomic Fea-

tures
Vmax in L. lactis strains r = 0.85

6 Conclusion570

This study introduces an interpretable machine learning approach to predict the relative abundance571

of Lactococcus in a meat matrix, using both real and GAN-generated synthetic metagenomic data.572

The integration of explainable AI techniques with generative modeling provides a novel and effective573

framework for understanding microbial behavior under varying storage and environmental conditions.574

By enriching the training data with synthetic profiles, the models developed in this work were able575

to capture complex patterns and relationships that would otherwise remain hidden due to limited576

sample sizes.577

The results demonstrated that artificial neural networks were particularly effective in modeling578

the microbial composition, capturing subtle ecological interactions between Lactococcus and other579

bacterial genera. Explainability tools such as SHAP enabled the identification of key contributors580

to prediction outcomes, highlighting the roles of microbial co-occurrence, storage time, and sea-581

sonal variability. This not only improves model transparency but also contributes to our biological582

understanding of how certain beneficial bacteria behave within food systems.583

The use of synthetic data to simulate microbial profiles underrepresented in experimental datasets584

emerged as a promising strategy to address common challenges in microbiome research, such as585

cost constraints and limited experimental scope. Furthermore, the consistency observed between586

results obtained from real and synthetic datasets strengthens the credibility of generative models in587

producing biologically meaningful outcomes.588

This study underscores the potential of interpretable, data-driven tools in advancing food safety589

and quality control. Future studies should focus on applying this framework to other microbial590

environments and food matrices, thereby extending its utility and validating its generalizability in591

diverse real-world settings. Future research should also therefore aim to incorporate multi-seasonal592

and geographically diverse datasets to enhance the robustness and applicability of the model. More-593

over, integrating functional omics data—such as metagenomics or metatranscriptomics—could enable594

20



direct assessment of antimicrobial production potential, including the expression of biosynthetic gene595

clusters responsible for nisin synthesis.596
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